Most of the manual labor needed to create the geometric building information model (BIM) of an existing facility is spent converting raw point cloud data (PCD) to a BIM description. Automating this process would drastically reduce the modeling cost. Surface extraction from PCD is a fundamental step in this process. Compact modeling of redundant points in PCD as a set of planes leads to smaller file size and fast interactive visualization on cheap hardware. Traditional approaches for smooth surface reconstruction do not explicitly model the sparse scene structure or significantly exploit the redundancy. This paper proposes a method based on sparsityinducing optimization to address the planar surface extraction problem. Through sparse optimization, points in PCD are segmented according to their embedded linear subspaces. Within each segmented part, plane models can be estimated. Experimental results on a typical noisy PCD demonstrate the effectiveness of the algorithm.
INTRODUCTION
Traditional Building Information Models (BIMs) represent the conditions under which the building was designed. However, the reality of the building's construction can differ from the nominal design; furthermore, changes in building conditions may happen during the entire life cycle of the building. This discrepancy between design and as-built BIMs has recently been a topic of interest in the literature (Huber, D., et al, 2011) . Greater use of as-built BIMs is hampered because generating them currently requires manual work and is very time-consuming. Hence, automatic generation of as-built BIMs is of great interest.
Recent developments in laser scanning technology which generate PCDs have led to increased interest in generation of as-built BIMs (Tang, P., et al, 2010) . Raw PCD contains the 3D coordinates of discretely measured points. High-level geometric information, such as the presence of embedded planar surfaces, must be extracted from the PCD. As-built BIMs can subsequently be generated using the results of the processed point-cloud data. This work addresses a sub-problem in the extraction of high-level information from PCD: detection of planar surfaces along with an associated parametric description. Robustness in the presence of noise in PCD is handled by posing the problem as a minimization of a sparsity-inducing cost function.
Recently, many practical problems have been modeled as formal optimization problems with sparsity-inducing costs; see refs. (Karasev, P. et al., 2011) . The proposed algorithm for surface extraction uses sparse subspace clustering, which was designed for segmenting data using embedded lower-dimensional subspace models (Elhamifar, E. et al., 2009) . Since the underlying data in point-clouds of interest contain sparsely embedded surface subspaces, sparse subspace clustering can be used to segment PCDs. After which, robust estimation algorithms such as "RANdom Sample Consensus" (RANSAC) can estimate the parametric models of the planar surfaces. From the segmentation step and the estimation step, planar surfaces embedded in the PCD can be extracted with their parametric models.
RELATED WORKS
Techniques for 3D Surface modeling from point cloud data have been widely investigated in the domain of computer graphics. Most of the algorithms are based on building meshes from the point clouds with different explicit representations of surfaces. The problem of representing surfaces was partially addressed by Farin, G., et al., who proposed triangular meshes (Farin, G., et al, 1992) and splines (Farin, G., et al.1996) . Although 3D modeling through surfaces meshes gives an explicit description of object's surfaces, it fails to give information of the surfaces' parametric models. Since these modeling techniques lose information of the surface models, they are not suitable to be used in building as-built BIMs.
Different from mesh-based 3D surface reconstruction, model-based surface reconstruction requires the detection and extraction of embedded surface models in point cloud data. Schnabel, R, et al (Schnabel, R, et al 2007) proposed using RANSAC to perform shape model detection. The basic idea behind shape detection using RANSAC is that, given the type of shape to be extracted, estimates of the model parameters are found by sampling the data randomly and checking the ratio of inliers; if the ratio of inliers to outliers is satisfactory, the best-fit parametric model is extracted. Using RANSAC, Yang (Yang, M.Y, et al, 2010) proposed an algorithm for detecting planes as well as estimate model parameters from point cloud data; TarshaKurdi (Tarsha-Kurdi, F, 2008) applied RANSAC in building roof detection. However, the method is limited by the high computational complexity when applying RANSAC to a whole PCD dataset. Also, RANSAC extracts only one model at a time.
Another approach to addressing the problem of planar model extraction from PCD uses the Hough transform. Okorn (Okorn, B.et al, 2010) proposed an algorithm for automatic modeling of floor plans, in which 3D point clouds are projected onto a 2D ground plane to generate a point density histogram, from which walls are detected through the Hough transform. The algorithm requires that the vertical direction be known. Landes (Landes, T., et al, 2007 ) made a comparison between 3D Hough transforms and RANSAC for automatic detection of planes from point clouds, and found that RANSAC is better than the 3D Hough-transform in speed and percentage of successful detections. Ioannis (Stamos, I., et al, 2000) proposed a planar surface extraction algorithm by fitting local planar surfaces and clustering with co-normality and co-planarity metrics.
This paper focuses on solving the problem of extracting the planar surfaces from PCD, the goal of which includes detecting the embedded planar surfaces and
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estimating the model parameters simultaneously. Compared to the existing algorithms above, the work of this paper addresses the problem in a new theoretical framework based on sparse optimization.
PROPOSED ALGORITHM
The proposed algorithm is novel in two aspects: 1) the extraction of planar surfaces is based on a new procedure that first segments the PCD after which parametric models of the planar surfaces are estimated using RANSAC to find a consensus-set in each segmented region. PCD segmentation is achieved by posing sparse subspace clustering as an optimization problem; 2) the sparse subspace clustering step is improved with the mean-shift non-parametric robust clustering technique, which does not require prior knowledge of the number of subspaces.
Performing segmentation on the point cloud before estimation using RANSAC greatly lowers the computation cost of RANSAC and increases the success rate of plane detection. Reciprocally, RANSAC estimates the plane models robustly even with possible misclassifications in the segmentation step, thereby increasing the robustness of the whole algorithm.
Sparse Representations in Subspaces. Sparsity-inducing optimization algorithms are based on sparse representations. Consider a vector representable in a basis , where . Often cannot be measured directly but only its combination can be measured, , where = . In many cases, has a sparse representation in the proper basis . When formulated correctly, the sparse representation of is recovered by solving the optimization problem (Cand´es,et al,2005; Baraniuk ,et al,2008) :
; where is the L0-norm of . The work of Donoho (Donoho, D. L.,2006) showed that the solution to the above problem is obtained by solving the following convex optimization problem:
; where is the L1-norm of . For the case that the signal lies in a union of disjoint low-dimensional linear subspaces with dimensions of =1,2…, , then .
PCD Segmentation via Sparse Subspace Clustering with Mean-Shift.
Based on the sparse representation theories stated in Section 3.1, an algorithm was proposed (Elhamifar, E. et al., 2009) where . This is the Basis-Pursuit formulation of L1 minimization for the linear subspace case. Taking noise into consideration and using the Lasso Optimization algorithm (Tibshirani, R., 1996) , the optimization problem can be formulated as a Basis-Pursuit denoising problem.:
where is a positive constant.
After getting the sparse representation of every data point , the matrix of coefficients can be obtained. Let be the element in matrix , then a similarity graph can be formed with nodes each representing a data point in , and form the edges between each two nodes with the weight of for the edge connecting node i and node j. To cluster the data, spectral clustering is applied to the similarity graph. First form the Laplacian matrix of the graph, , then use clustering algorithm to cluster the data from eigenvectors of . In (Elhamifar, E. et al., 2009) , the k-means clustering algorithm is used in this step. However, k-means requires the number of clusters to be known before performing the clustering. Also, k-means makes the assumption that the clusters are shaped spherically in the space of the distance defined. Unlike k-means, mean-shift (Cheng, Y., 1995) clustering is a non-parametric algorithm which iteratively computes the mean shift vector by translating density estimation windows until convergence. Mean-shift clustering makes no assumptions about number of clusters. Also, it can handle arbitrarily shaped clusters because it is based on density estimation. Mean-shift with sparse subspace clustering method is thus more suitable to the current surface-extraction application.
Estimate Plane Models using RANSAC. After segmenting the PCD, RANSAC is applied to extract plane models in each segmented area. The RANSAC algorithm for planes extraction is as follows: Given a segmented part of the PCD, repeatedly sample randomly 3 points from the PCD to get an estimated plane model from a least-squares fit. With the estimated plane model, points in the PCD will be classified as inlier if their Euclidean distance to the estimated plane is smaller than a threshold. Next, the percent of inlier points in the whole segmented area is computed. After sampling a certain number of iterations, the estimated with the largest inlier rate is extracted.
The boundary of each extracted plane model can be obtained by finding the convex hull of the set of inlier points. A robust and efficient algorithm of finding convex hull from a given point set was presented by Kirkpatrick, D. (Kirkpatrick, D., et al, 1986) , with which the supporting point set forming the convex hull can 
EXPERIMENTAL RESULTS AND DISCUSSION
This section presents experiment results of the proposed plane extraction algorithm. Based on the experimental results, comprehensive evaluation of the algorithm will be made, including three aspects: (1) extracted surface parameters error; (2) point cloud segmentation correct rate; (3) visualization complexity.
First we use a synthetic PCD consisting of 1180 noisy points for experiment. In the experimented PCD, there are four embedded planes with intersecting parts between some the planes. Moreover, there are some clutter points in the PCD. Figure 1 depicts the experimental results using the proposed algorithm. In the top-right, even though there are some intersecting parts between the embedded planes and clutter in the PCD, the segmentation result has high accuracy. The error rate of the segmentation is 3.88% with 46 of the 1180 points wrongly segmented. The errors in the final extracted planes shown in Figure 1 (bottom left) is evaluated as follows: Given the plane model , the coefficients of the extracted plane models are found in Table 1 . The coefficients of each plane model in Table 1 are normalized, for improved comparison, so that the largest absolute value among is equal to 1. Table 1 shows that the proposed algorithm achieves a small absolute error between the resulted plane models and the ground truth plane models. The result of supporting domains in Figure 1 (bottom right) depicts the final sparse representation of the original point cloud. If any prior knowledge is known about the shape of the planar patches, the support domain boundary can be improved. (2012) Downloaded from ascelibrary.org by GEORGIA TECH LIBRARY on 02/04/13. Copyright ASCE. For personal use only; all rights reserved. Figure 2 depicts the approach of building Delaunay triangular meshes on the inlier set of each segmented area (without projection to the planar surfaces). The model surfaces are not planar and have a less compact surface description. To validate the hypothesis of reduced model description size, the resulting models are ouput to 8-digit ASCII data files. With the extracted results, the final representation is significantly smaller than the original representation. The size of the original PCD is of 59,250 bytes, while the size of the final representationis 3,186 bytes. The compression rate of the data is 94.6228%, which demonstrates that the proposed algorithm results in smaller file sizes. Building a Delaunay triangular mesh results in an output data size of 161,300 bytes, which is larger in size than the original PCD file.
Computing in Civil Engineering
To evaluate the interactive visualization speed between different representations, renderings with the representations of different algorithms are performed on a PC with a 2.80GHz Intel Core i5 CPU and 8GB RAM, using MATLAB R2010B Version. The average rendering time is provided in Table 2 . Table 2 demonstrates that the representation of the proposed algorithm achieves the least rendering time and faster interactive visualization speed on cheap hardware. Note that the proposed algorithm is able to support civil engineering by extracting the embedded planar models in the scanned data of infrastructures and help build the Building information models. Following is an experiment that proposed algorithm is applied to a real bridge scanned data, as shown in Figure 3 (Left).
In this PCD, there are 61217 points. The whole PCD was first partitioned into smaller parts with the dimensional size 30x30x30. Then the proposed algorithm was applied to each partitioned PCD. Finally the extracted planar surfaces with the difference of parameter models lower than a certain threshold are merged into one common plane. Figure 3 (Right) is the middle part of the bridge PCD with the planar surface of the road of the bridge detected and extracted by the algorithm. The estimated parametric model is: -0.0234145x+0.0489097y-0.998529z=17.004, while the ground truth is 0.0234x+0.05y-z=17. Because the algorithm employs the robust statistical estimation method RANSAC in one of the step, the algorithm result is robust PCD noise. For instance, in the result above, although with the PCD noise from the tree on the bridge, the extracted plane model is still of high accuracy. 
CONCLUSION
This paper presents a novel algorithm for extracting embedded planes from point cloud data (PCD). Given noisy PCD with embedded planar surfaces, the final output of the proposed algorithm is a set of parametric models of the planar surfaces. The PCD is clustered and segmented by finding the embedded planar subspaces, via a sparsity-inducing optimization. The sparse subspace clustering method is improved by using mean-shift, so that number of the embedded planar surfaces is not required before performing clustering. After segmentation, parametric models of the planar surfaces are estimated using RANSAC to find a consensus-set in each segmented
region. Experimental validation of the approach demonstrated that the planar models are well estimated, and the final surface representation is compact.
